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Hypothesis

We extract experimental plate statistics during the training phase. Subsequently, we apply a plate-based robust z-score transformation to project the
U20S cell images into a plate-corrected space. By incorporating this normalization into the DINO (Self-Distillation with No Labels) self-supervised
training pipeline, we hypothesize that the Vision Transformer (ViT) will prioritize learning intrinsic biological features over exploiting confounding plate-
specific shortcut signals for feature discrimination

Target2 plates validaion set
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Findings
v" DINOv1 is better than DINOv2 in downstream performance on reproducibility metrics in Target2 plates validation set

v" Robust-DINOv2 performs on par with DINOv1 on reproducibilty metrics and achives 33-40% increase in reproducibility metrics over DINOv2

v" Robust-DINOV2 is more robust towards batch effects at the plate level compared to other baselines and doesn’t exploit counfounding plate-
specific shortcut signals for feature discrimination as much as other baselines




